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I. Introduction  
 

1. Irrespective of how a data set is collected, part of the data is likely to be missing. Part of the data 

may be missing data by design, for instance because data is collected from a sample of the population 

only. Another part of the data may suffer from non-response. Non-response may be subdivided into unit 

non-response and item-nonresponse. In the case of unit non-response all data from an individual unit are 

missing, for instance because that unit cannot be contacted, refuses or is unable to respond altogether, or 

responds to so few questions that its response is deemed useless for analysis or estimation purposes. In 

the case of item-nonresponse only some of the items of a unit are missing. Persons may, for instance, 

refuse to provide information on their income or on their sexual habits, while at the same time give 

answers to other, less sensitive questions on the questionnaire. Enterprises may not provide answers to 

certain questions, because they may consider it too complicated or too time-consuming to answer these 

specific questions.  

 

2. Imputation is often used to deal with missing data. When imputation is used, the missing data are 

estimated and filled in into the data set. Imputation is typically used for item-nonresponse, whereas data 

missing by design and unit-nonresponse are usually corrected for by weighting the responding units (see, 

e.g., Särndal, Swensson and Wretman 1992 and Särndal and Lundström 2005). However, imputation can 

also be used to deal with unit-nonresponse or data that are missing by design. When imputation is used to 

obtain estimates for all units in the population, this is referred to as mass imputation (see, e.g., Whitridge, 

Bureau and Kovar 1990, Whitridge and Kovar 1990 and Shlomo, De Waal and Pannekoek 2009 for more 

on mass imputation) 

 

3.  There is an abundance of literature on imputation of missing data, focusing on estimating the 

statistical distribution of the true data as well as possible. We refer to Kalton and Kasprzyk (1986), Rubin 

(1987), Kovar and Whitridge (1995), Schafer (1997), Little and Rubin (2002), Longford (2005), 

Andridge and Little (2010), De Waal, Pannekoek and Scholtus (2011), Van Buuren (2012) and references 

therein.  

 

4. In many cases the imputation problem is further complicated owing to the existence of 

constraints in the form of edit restrictions, or edits for short, that have to be satisfied by the data. 

Examples of such edits are that the profit of an enterprise equals its turnover minus its costs, that the 

turnover of an enterprise should be at least zero, and that males cannot be pregnant. Records that do not 

satisfy these edits are inconsistent, and are hence considered incorrect. While imputing missing data, 

National Statistics Institutes (NSIs) preferably take these edits into account, and thus ensure that the 

imputed data satisfy all edits.  

 

5.  A further complication that sometimes occurs is that (some) totals of numerical data or 

frequencies of categories of categorical data are either known or have been estimated before, and one 



 2 

wants the imputations to preserve these known or previously estimated values. This situation can arise 

with a ‘one-figure’ policy, where an agency aims to publish only one estimate for the same phenomenon 

occurring in different tables. For example, Statistics Netherlands pursues a ‘one-figure’ policy for the 

Dutch Census (Statistics Netherlands 2014) as well as for other statistics. Another example given by De 

Waal, Coutinho and Shlomo (forthcoming) is that when budgets for municipalities are decided upon by 

national statistics, these statistics must be numerically consistent across all statistical outputs of the 

agency. When a ‘one-figure’ policy is pursued, estimates need to be calibrated to the known or previously 

estimated totals and this may take precedence over other desired statistical properties.  

 

6. In recent years several imputation methods that satisfy constraints, i.e. edit restrictions and/or 

constraints due to known or previously estimated totals, have been developed. In particular, Statistics 

Netherlands has been quite active in developing such imputation methods. In this paper we will give an 

overview of these imputation methods. 

 

7.  The remainder of this paper is organized as follows. Section II discusses the edits and totals for 

numerical and categorical data, respectively. Section III gives an overview of imputation methods 

satisfying edit restrictions, whereas Section IV gives an overview of imputation methods preserving 

totals. Section V gives an overview of imputation achieving both objectives: satisfying edit restrictions 

and preserving totals. Section VI concludes the paper with a short discussion. 

 

II. Edits and totals 
 

A. Edits and totals for numerical data 

 
8. Generally, edits for numerical data are either linear equations or linear inequalities. We denote 

the number of variables by 𝑚 and the number of records by 𝑛. Edit 𝑘 (𝑘 = 1, … , 𝐾) can then be written 

in either of the two following forms: 

 

𝑎1𝑘𝑥𝑖1 + ⋯ + 𝑎𝑚𝑘𝑥𝑖𝑚 + 𝑏𝑘 = 0       (1a) 

 

or 

 

𝑎1𝑘𝑥𝑖1 + ⋯ + 𝑎𝑚𝑘𝑥𝑖𝑚 + 𝑏𝑘 ≥ 0       (1b) 

 

where 𝑥𝑖𝑗 is the value of the j-th variable in record 𝑖 (𝑖 = 1, … , 𝑛), and the 𝑎𝑗𝑘 and the 𝑏𝑘 are certain 

constants.  

 

9. Edits of type (1a) are referred to as balance edits. An example of such an edit is 

 

 𝑇 − 𝐶 − 𝑃 = 0          (2) 

 

where 𝑇 is the turnover of an enterprise, 𝑃 its profit, and 𝐶 its costs. Edit (2) expresses that the profit of 

an enterprise equals its turnover minus its costs. Edits of type (1b) are referred to as inequality edits. An 

example of such an edit is 

 

 𝑇 ≥ 0 
 

expressing that the turnover of an enterprise should be non-negative.  

 
10. Constraints due to known or previously estimated population totals can be expressed as 

 

∑ 𝑤𝑖𝑥𝑖𝑗

𝑖∈𝑟

= 𝑋𝑗
𝑝𝑜𝑝

 

 

with the 𝑤𝑖 the survey weights that have been adjusted for unit nonresponse, 𝑟 the set of respondents and  

𝑋𝑗
𝑝𝑜𝑝

 the known or previously estimated population total of the 𝑗-th variable .  
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B. Edits and totals for categorical data 
 

11. To describe edits for categorical data, we again denote the number of variables by 𝑚. 

Furthermore, we denote the domain, i.e. the set of all allowed values of the 𝑗-th variable by 𝐷𝑜𝑚𝑗. All 

domains are assumed to be non-empty. In the case of categorical data, an edit 𝑘 is usually written in so-

called normal form, i.e. as a Cartesian product of non-empty sets 𝐹𝑗
𝑘 (𝑗 = 1, . . . , 𝑚): 

 

𝐹1
𝑘 × 𝐹2

𝑘 × … × 𝐹𝑚
𝑘 

 

meaning that if for a record with values (𝑥1, 𝑥2, . . . , 𝑥𝑚) we have 𝑥𝑗 ∈ 𝐹𝑗
𝑘 for all (𝑗 = 1, . . . , 𝑚), then the 

record fails edit 𝑘, otherwise the record satisfies edit 𝑘. At least one of the 𝐹𝑗
𝑘 (𝑗 = 1, . . . , 𝑚) should be a 

proper subset of the domain 𝐷𝑜𝑚𝑗, i.e. should be strictly contained in 𝐷𝑜𝑚𝑗, as the edit with all 𝐹𝑗
𝑘 

(𝑗 = 1, . . . , 𝑚) equal to 𝐷𝑜𝑚𝑗 cannot be satisfied by any record. 

 

12. To illustrate edits for categorical data, let us suppose that we have three variables: Marital Status, 

Age and Relation to Head of Household. The possible values of Marital Status are “Married”, 

“Unmarried”, “Divorced” and “Widowed”, of Age “< 16 years” and “≥ 16 years", and of Relation to 

Head of Household “Spouse”, “Child”, and “Other”. An edit saying that someone who is less than 16 

years cannot be married can be expressed in normal form as 

 

{Married} × {< 16 years} × {Spouse, Child, Other}    (3) 

 

13. When a frequency (or total) for category 𝑐 of the 𝑗-th categorical variable is known, this means 

that  

 

∑ 𝑤𝑖𝐼(𝑥𝑖𝑗 = 𝑐)

𝑖∈𝑟

= 𝑋𝑗,𝑐
𝑝𝑜𝑝

 

 

where 𝐼(𝑥𝑖𝑗 = 𝑐) = 1 if 𝑥𝑖𝑗 = 𝑐, and 0 if 𝑥𝑖𝑗 ≠ 𝑐, and 𝑋𝑗,𝑐
𝑝𝑜𝑝

 is the known or previously estimated 

population frequency of category 𝑐 of the 𝑗-th variable. 

 

 

III.  Imputation methods for satisfying edit restrictions 
 

14. In this section we discuss imputation methods satisfying edit restrictions, but do not preserve 

totals. At first sight one might think that a simple sequential imputation approach, where the variables 

with missing values are imputed one by one and edits involving variables that have to be imputed 

subsequently are not taken into account while imputing a field, could work. However, such an approach  

may lead to inconsistencies. Consider, for example, a record where the values of two variables, x and y, 

are missing. Assume these variables have to satisfy three edits saying that x is at least 50, y is at most 

100, and y is greater than or equal to x. Now, if x is imputed first without taking the edits involving y into 

account, one might impute the value 150 for x. The resulting set of edits for y, i.e. y is at most 100 and y 

is greater than or equal to 150, cannot be satisfied. Conversely, if y is imputed first without taking the 

edits involving x into account, one might impute the value 40 for y. The resulting set of edits for x, i.e. x 

is at least 50 and 40 is greater than or equal to x, cannot be satisfied. 

 

15. Since a simple sequential imputation approach where edits involving variables to be imputed 

later are not taken into account does not work, we have to resort to other approaches. Some software 

packages developed by NSIs, such as GEIS (Kovar and Whitridge, 1990), SPEER (Winkler and Draper, 

1997), SLICE (De Waal, 2001) and Banff (Statistics Canada 2009), ensure that edits are satisfied after 

imputation. These software packages apply relatively simple imputation approaches, such as pro-rating 

and adjustment of the imputed values so that edits are satisfied. 
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16.  Adjustment of imputed values has been studied by Pannekoek and Zhang (2015). Their 

adjustment approach consists of two steps. In a first step, the imputation step, nearest neighbor hot deck 

imputation, where values from a donor record that is closest (according to some distance function) to the 

record to be imputed are used to impute the latter record, is used to find pre-imputed values. In a second 

step, the adjustment step, these pre-imputed values are adjusted so the resulting record satisfies all edits. 

This is done by minimizing the total adjustment subject to the constraint that all edits are satisfied.  

 

17. De Waal and Coutinho (2016) explored this approach in some more detail. In particular, they 

focused on the number of potential donor records that are considered in the imputation step. Whereas 

Pannekoek and Zhang (2015) considered only the closest donor record to the record to be imputed in the 

imputation step, De Waal and Coutinho (2016) considered using the 𝑘 closest donor records, where 

𝑘 = 1,2,5 or 10. In principle a potential donor that is not the closest to the record to be imputed may still 

give the best results after adjustment. Results were mixed: sometimes using 𝑘 = 1 gave the best results, 

whereas in other cases a value 𝑘 > 1 gave the best results. An adjustment approach has also been 

examined and evaluated in Coutinho, De Waal and Remmerswaal (2011). In their case, the pre-imputed 

values were generated from a multivariate normal distribution that was fitted on the observed data. These 

pre-imputed values were later adjusted so edits were satisfied. 

 

18.  For numerical data, more advanced imputation approaches have been developed by Geweke 

(1991), Raghunathan, Solenberger and Van Hoewyk, (2002), Tempelman (2007), Holan et al. (2010), 

Coutinho, De Waal and Remmerswaal (2011), Coutinho and De Waal (2012) and Kim et al. (2013). For 

categorical data under edit restrictions some advanced work has been done by Winkler (see Winkler, 

2003 and 2008). In the remainder of this section we will discuss these more advanced approaches. 

 

19.  For numerical data, the more advances approaches can be subdivided into approaches where all 

variables with missing data are imputed simultaneously and approaches where the variables with missing 

items are imputed sequentially. Drawbacks of the first kind of approaches are that it is often hard to 

specify a good statistical imputation model for all the data, and that using such a model – assuming one 

can find a model that fits the data sufficiently well – can be hard or time-consuming. A theoretical 

drawback of a sequential approach based on a separate imputation model for each variable with missing 

values is that a joint model compatible with the models for the individual variables may not exist (see, 

e.g., Rubin 2003). A drawback of a non-iterative sequential approach, where missing items are imputed 

only once in a single iteration, is that the quality of the variables that are imputed later on in the 

imputation process is generally lower than the quality of the variables that are imputed at the start. This is 

due to the edit restrictions, which limit the imputation options for the later variables. 

 

20.  Geweke (1991), Tempelman (2007), Holan et al. (2010) and Kim at al. (2014) have developed 

imputation methods satisfying edits that impute all variables with missing data simultaneously. These 

methods use a standard statistical distribution as a starting point. Next, that statistical distribution is 

truncated to the feasible region described by the edits. Geweke (1991) and Tempelman (2007) have 

proposed to use the truncated multivariate normal distribution. Holan et. al (2010) use a multiple 

imputation technique based on normally distributed random variables with singular covariance matrices. 

Kim et al. (2014) have developed a Bayesian multiple imputation approach, using a Dirichlet process 

mixture of truncated multivariate normal distributions to generate the imputations. In order to simplify 

computations, they use a data augmentation technique, which has the advantage that the edits do not have 

to be taken into account when estimating model parameters. The approaches by Geweke (1991), 

Tempelman (2007) and Kim at al. (2014) can handle both balance and inequality edits. The approach by 

Holan et al. (2010) can handle only balance edits. 

 

21.  De Waal and Coutinho (2017) also used a simultaneous imputation approach, but they explored 

the reverse idea. Instead of starting with a statistical distribution that is truncated to the feasible region 

defined by the edits, they start with the feasible region defined by the edits and then build a statistical 

distribution with support on that region. Any point drawn from the constructed distribution will then 

automatically satisfy all edits. To this end, they determine vertices of the polytope that is allowed 

according to the edits. Any point 𝒙 inside and on that polytope can be written as a convex combination of 

these vertices, i.e. 𝒙 = ∑ 𝜆𝑖𝒙𝑖
0𝑁

𝑖=1 , where 𝑁 is the number of vertices, the 𝒙𝑖
0 are the vertices, ∑ 𝜆𝑖

𝑁
𝑖=1 = 1, 

and 𝜆𝑖 ≥ 0 (𝑖 = 1, … , 𝑁). De Waal and Coutinho (2017) examined both a parametric version based on a 
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posited Dirichlet distribution for the 𝜆𝑖 and a non-parametric version where instead of using a statistical 

distribution a hot deck-like approach for drawing the 𝜆𝑖 is used. 

 

22. Tempelman (2007) has also proposed to use a model based on the Dirichlet distribution. 

However, that imputation method can only be used for a very specific situation, namely when all 

variables are non-negative, sum up to a known constant, and no other edit restrictions are defined for 

these variables.  

 

23. Sequential imputation methods satisfying edits have been developed by Raghunathan, 

Solenberger and Van Hoewyk, (2002), Coutinho, De Waal and Remmerswaal (2011) and Coutinho and 

De Waal (2012).  

 

24.  The approach proposed by Raghunathan, Solenberger and Van Hoewyk (2002) can be used for 

both numerical and categorical data. In this approach, for each variable a separate imputation model is 

constructed, where in principle all other variables may be used as auxiliary data. These imputation 

models are applied iteratively. Only edit restrictions involving at most one variable with missing data can 

be handled. By substituting the observed values into the edits, such edits lead to an interval of allowed 

values (possibly consisting of only one value) for the current variable to be imputed in the case of 

numerical data, and a subset of allowed categories in the case of categorical data. 

 

25. Besides an adjustment approach as mentioned above, Coutinho, De Waal and Remmerswaal 

(2011) also developed and studied a sequential imputation method. When imputing a certain variable in a 

certain record, they first eliminate all variables to be imputed subsequently from the edits for that record 

by means of Fourier-Motzkin elimination. This leads to an interval of allowed values for the current 

variable to be imputed. In the simple example at the beginning of this section using Fourier-Motzkin 

elimination to eliminate 𝑦 from the three edits leads to 50 ≤ 𝑥 ≤ 100. The second inequality is obtained 

by combining 𝑥 ≤ 𝑦 and 𝑦 ≤ 100. 

 

26. The use of Fourier-Motzkin elimination ensures that when any of the values in the allowed 

interval is imputed, values for the variables that are to be imputed later can be found such that all edits are 

satisfied. To generate potential imputation values Coutinho, De Waal and Remmerswaal (2011) assume 

that the data can be approximated by a multivariate normal distribution. An imputation value is only 

accepted if it lies in the allowed interval, otherwise a new value is drawn from the estimated multivariate 

normal distribution, conditional on the observed values in the record under consideration. 

 

27.  De Waal and Coutinho (2012) used the same general approach, but used hot-deck donor 

imputation instead of the (approximate) multivariate normal model. This simplifies the approach as no 

model parameters have to be estimated, and no conditional distributions have to be derived. 

 

28.  For contingency tables, Winkler (2003) proposed to use a parametric model for the data, and 

estimate its parameters by maximizing its likelihood function while taking into account the structural 

zeroes that follow from the edit restrictions. Winkler (2008) provided more details on how this can be 

done for log-linear models. 

 

IV. Imputation methods for preserving totals 

 
29. In this section we discuss imputation methods that preserve totals, but do not satisfy edits. 

Imputation preserving totals is also referred to as calibrated imputation.  

 

30. Cox (1980) proposed the weighted sequential hot deck method. The idea of this method is that a 

probability distribution for using donor 𝑖 a certain number of times 𝑑𝑖, i.e. Pr (𝑑𝑖 = 𝑡) for 𝑡 = 0,1, … , 𝑛, is 

constructed. This probability distribution is based on the survey weights assigned to the units. The 

probabilities are chosen so that means and proportions estimated using the imputed data will be equal in 

expectation to the weighted means or proportions estimated using respondent data only. The totals for the 

imputed data will generally not be exactly equal to known or previously estimated totals.  
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31. Also for numerical data, Zhang and Nordbotten (2008) and Zhang (2009) have extended nearest 

neighbor hot-deck donor imputation so that totals are (approximately) preserved. The idea of their 

approaches is to start with assigning a number – as many as reasonably possible – of nearest-neighbor 

imputations in a sensible way, i.e. such that the totals are approximately preserved. This first step is 

referred to as the Jump-Start step. In a second step – the Fine-Tuning step – they first assign initial 

imputations to the records that have not been imputed yet, and then try to preserve the totals even better 

by substituting other donors for the initially used donors. These approaches do not guarantee that totals 

are preserved exactly.  

 

32. Chambers and Ren (2004) proposed an outlier robust imputation method. In that method first 

totals are estimated by weighting the survey at hand. In this weighting process outliers are given a lower 

weight. The next step of their approach is calibrated imputation where the totals are calibrated on the 

results of the weighting process. This is achieved by adjusting imputations that have been obtained from 

the imputation model. The adjustments of these imputations are obtained by solving a mathematical 

optimization problem where an objective function measuring the differences between the imputations 

from the imputation model and the adjusted values is minimized and the constraints are given by the 

estimated totals obtained by weighting.  

 

33. Liu and Rancourt (1999) proposed an imputation method for categorical data that preserves 

known totals. Their approach starts with imputing the missing data by means of some imputation method, 

for instance by means of hot-deck donor imputation. Next, the differences between the totals in the 

imputed data and the known totals are handled by shifting imputations from the imputed category to a 

nearby category. 

 

V. Imputation methods for satisfying edit restrictions and preserving totals 
 

34. In this section we discuss calibrated imputation methods that also satisfy edit restrictions. So, 

these imputation methods satisfy constraints within records, namely the edits, and constraints over 

records, namely the totals. 

 

35. For numerical data, Beaumont (2005) has developed a calibrated imputation approach that in 

principle can deal with edit restrictions. This approach is similar to the approach for calibrated imputation 

proposed by Chambers and Ren (2004). As in the approach by Chambers and Ren (2004), the approach 

by Beaumont (2005) starts with preliminary imputed values. These preliminary imputed values are then 

calibrated to obey constraints arising from the known totals and the specified edits. This is achieved by  

solving a mathematical optimization problem, where again an objective function measuring the 

differences between the preliminary imputations and the adjusted values is minimized and the constraints 

are satisfied. This mathematical optimization problem can be exceedingly large. Beaumont (2005) only 

reports results for a simulation study for a limited data set (1,000 units) that did not involve edit 

restrictions. The computational feasibility of the approach for large data sets and for data sets involving 

edit restrictions is as yet unknown.  

 

36. The problem of imputation of missing categorical data having to satisfy edits and to preserve 

totals is examined in Favre, Matei and Tillé (2005). The proposed method allows the use of survey 

weights and weighted totals. In their approach only one categorical variable is to be imputed subject to 

edit restrictions and known totals. Their approach consists of four steps. In the first step, edit restrictions 

are used to find structural zeroes for the variable to be imputed, i.e. for each record in the data set the 

categories that are not allowed are determined. In the second step, for each record the probabilities of 

imputing the categories that are allowed are estimated. This is done by assuming a multinomial logistic 

model, taking the structural zeroes into account. In the third step, these probabilities are calibrated so that, 

for each category, they sum up to the corresponding total and, for each record, to 1. This is achieved by 

using iterative proportional fitting. In the fourth step, a weighted version of Cox’ controlled rounding 

algorithm (see Favre et al. 2004) is used to fix one of the probabilities for the allowed categories per 

record to 1 and the probabilities of the other allowed categories to 0. The category for which the 

probability is set to 1 for a certain record is imputed in that record. 
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37.  Pannekoek, Shlomo and De Waal (2013) developed three imputation methods for numerical 

satisfying edits and preserving known or previously estimated totals. Two of those imputation methods 

are sequential ones. Both methods use Fourier-Motzkin elimination to derive allowed intervals for that 

variable for all records in which its value was missing. Any value in such an interval can lead to an 

imputed record satisfying all edits.  

 

38. The first method Pannekoek, Shlomo and De Waal (2013) developed is based on a modified 

regression approach that incorporates the known total for the current variable to be imputed. This ensures 

that the total is preserved, but may violate some of the interval restrictions for that variable. Next, an 

optimization problem is solved in which the imputed values are adjusted as little as possible while 

satisfying the interval restrictions and preserving the total. In a second method proposed by Pannekoek, 

Shlomo and De Waal (2013) a random residual is added to the vales obtained from the modified 

regression approach before the imputed values are adjusted. This is done in order to better preserve the 

variance of the true data. Finally, a third method uses an imputed data set satisfying edits and preserving 

totals as starting point. Such a data set may be obtained from the first or second imputation method 

proposed by Pannekoek, Shlomo and De Waal (2013). Next, the third method uses a Markov Chain 

Monte Carlo approach to draw pairs of records with at least one common variable with missing values in 

both records. The values for the common variables in those records are then re-imputed using a posterior 

predictive distribution implied by a linear regression model under an uninformative prior, conditional on 

satisfying the edits and preserving the totals. 

 

39. De Waal, Coutinho and Shlomo (forthcoming) also propose a sequential imputation for 

numerical data. For each variable to be imputed, they derive the same allowed intervals as in Pannekoek, 

Shlomo and De Waal (2013). Using the fact that the minimum total that has to be imputed for the current 

variable to be imputed is the sum of the lower bounds of these intervals and the maximum total that can 

be imputed is the sum of the upper bounds of these intervals, they derive a simple check for the 

preservation of the total. They generate possible imputation values by means of hot-deck donor 

imputation. Only a drawn value that lies in the allowed interval for the record at hand and that passes the 

check for preservation of the total is actually used for imputation. Otherwise, a new possible imputation 

value is drawn. 

 

40. Coutinho, De Waal and Shlomo (2013) developed an imputation method for categorical data that 

takes edits and known frequencies into account. This is again a sequential approach where all variables 

are imputed in turn. The categories that are imputed are obtained from univariate hot-deck donor 

imputation. While imputing a missing value, it is ensured that the imputed record can satisfy all edits. 

This is achieved by calculating so-called implied edits by means of an elimination method proposed by 

Fellegi and Holt (1976). This elimination method is the equivalent for categorical data of Fourier-

Motzkin elimination that is used for numerical data. For instance, when the elimination method proposed 

by Fellegi and Holt (1976) is used to eliminate Marital Status from (3) and  

 

{Unmarried, Divorced, Widowed} × {< 16 years, ≥ 16 years} × {Spouse} 

 

i.e. an edit saying that someone who is not married cannot be the spouse of the head of the household, we 

obtain the implied edit 

 

{Married, Unmarried, Divorced, Widowed} × {< 16 years} × {Spouse} 

 

This implied edit says that someone who is less than 16 years old cannot be the spouse of the head of the 

household. 

 

41. If a category obtained by univariate hot-deck donor imputation is acceptable with respect to the 

edits, i.e. can lead to an imputed record satisfying all edits, it is checked whether also the known totals 

can be preserved. Coutinho, De Waal and Shlomo (2013) show that this check can be formulated as a so-

called Harem problem known from combinatorial mathematics. This Harem problem is solved by a 

reshuffling algorithm where categories preliminary assigned to a record are re-assigned to another record. 

Only when a category obtained by univariate hot-deck donor imputation is acceptable with respect to the 
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edits and passes the check with respect to preservation of the total, it is used for imputation. Otherwise, a 

new category is drawn and the same checks are carried out. 

 

V. Discussion 
 

42. In this paper we have discussed a number of imputation methods satisfying edits and/or 

preserving known or previously estimated totals that have been developed in recent years. Although 

much progress has been made over the years, an “ideal” imputation method has not been found. Such an 

ideal imputation method would preserve statistical properties of the data (univariate properties as well as 

multivariate properties, such as correlations), satisfy edits, preserve known or previously estimated totals, 

and take survey weights into account. Research on finding such an ideal imputation method is planned to 

continue at Statistics Netherlands. We hope that this paper will inspire other researchers to do research on 

this interesting research topic too. 
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